Understanding the dynamic interactions between malignant cells and the tumor stroma is a major goal of cancer research. Here we developed a Bayesian model that jointly infers both cellular composition and gene expression in each cell type, including heterogeneous malignant cells, from bulk RNA-seq using scRNA-seq as prior information. We conducted an integrative analysis of 85 single-cell and 1,412 bulk RNA-seq datasets in primary human glioblastoma, head and neck squamous cell carcinoma, and melanoma. We identified cell types correlated with clinical outcomes and explored regional heterogeneity in tumor state and stromal composition. We redefined common molecular subtypes using gene expression in malignant cells, after excluding confounding non-malignant cell types. Finally, we identified genes whose expression in malignant cells correlated with infiltration of macrophages, T-cells, fibroblasts, and endothelial cells across multiple tumor types. Our work provides a new lens that we used to measure cellular composition and expression in a statistically powered cohort of three primary human malignancies.
Introduction
Tumors are complex mixtures comprised of malignant cells as well as functionally diverse non-malignant cell types and extracellular matrix proteins known as the tumor stroma [1] [2] [3] . The importance of the stroma was first recognized more than a century ago, beginning with observations that certain cancers metastasize exclusively to specific organs 1 . During the past two decades numerous studies have revealed interactions between malignant cells and the stroma that promote diverse tumor functions including angiogenesis 4, 5 , metastasis 6 , and immunosuppression 7, 8 . Stromal cells differ between patients and tumor types [9] [10] [11] [12] [13] [14] [15] and the abundance of certain stromal cell populations are used in the clinic as biomarkers [16] [17] [18] [19] and therapeutic targets [20] [21] [22] [23] [24] [25] . These studies motivate direct measurements of cell types and the interactions between them in human subjects.
Two layers of information are critical for understanding the tumor stroma and its interactions with malignant cells 26 : (1) the quantity of different cell types, and (2) each cell type can have systematic differences in gene expression pathways, also called cell "state". Measurements of both cell type and state can be made using single cell RNA sequencing (scRNAseq) [27] [28] [29] [30] [31] [32] . However, few scRNA-seq datasets are available and many important questions still require orders of magnitude larger sample sizes to have sufficient statistical power. Other genomic studies have used thousands of bulk RNA-seq samples in the cancer genome atlas (TCGA) and other data repositories to infer cell type abundance 17, 18 . Although these pioneering studies have revealed new insights into tumor infiltrating immune cells 17, 18 , they have not taken advantage of recently released tumor-matched scRNA-seq datasets, limiting analysis to immune cell types which can be sorted from peripheral blood, and reducing deconvolution accuracy [33] [34] [35] . Critically, these cell type deconvolution studies were not able to measure changes in gene expression state in the different populations of tumor cells.
These studies leave open several foundational questions: How does malignant cell state affect the composition of stromal cells? And which genes are responsible for driving these interactions? To answer these questions we devised a Bayesian statistical model that infers both cell type composition and gene expression, called tumor and stromal environment deconvolution and expression inference (TED). TED infers cell types and states from bulk RNA-seq data using a scRNA-seq reference as prior information. We used TED to identify cell types correlated with clinical outcomes, explored regional heterogeneity in tumor state and stromal composition, and systematically identified gene expression pathways in malignant cells that were correlated with the tumor stroma. Our results provide numerous insights into how stromal cells interact within the tumor, and provides an accurate new tool for investigating bulk tissue heterogeneity.
in the GBM28 dataset. In contrast, CIBERSORT produced non-zero estimates of B cells and natural killer (NK) cells in many of the test samples due to correlations with other cell types of lymphoid or myeloid origin that were present in GBM28 (Supplementary Fig. 3 ). Benchmarking using ordinary least squares and support vector regression, which serves as the mathematical basis for most existing deconvolution strategies 17, 36, 37 , with GBM8 as a reference performed significantly better than CIBERSORT ( Supplementary Fig. 4 
and 5; Supplementary Note 2).
However, TED performed substantially better than ordinary least squares when both methods used GBM8 as a reference (mean squared error [mse] = 0.00363 for TED compared with 0.116 for the linear model), reflecting improvements in the way that TED modeled expression in the tumor and accommodated platform batch effects.
In addition to cell type composition TED was also designed to infer gene expression in both malignant and stromal cells. In stromal cells, TED recovered gene expression levels that were highly correlated with the ground truth, even when the scRNA-seq reference expression differed substantially due to batch effects ( Fig. 1f; Supplementary Fig. 6 ). TED also accurately recovered expression in malignant cells (Fig. 1g) . TED achieved correlations >0.95 for tumors with >50% purity, which most high-quality RNA-seq cancer datasets surpass 38 ( Fig. 1h) . Malignant cell expression profiles were separated correctly by hierarchical clustering in all tumors with >50% purity (Fig. 1i) , indicating that expression estimates can be used for downstream genomic analysis. As TED is the only method developed to date that recovered malignant cell expression, we benchmarked the accuracy of TED against three custom strategies: the bulk tumor with no deconvolution (Fig. 1h) , and two different approaches of linear fit using the reference tumor cells (Supplementary Fig. 7 ). Tumor expression levels estimated by TED were substantially more accurate than alternative methods.
We extended the validation experiments to two other tumor types: melanoma and head and neck squamous cell carcinoma (HNSCC) 29, 30 . Since only one scRNA-seq dataset was available for both cancers, we used a leave-one-out test, in which we generated a "pseudo-bulk" RNA-seq dataset from one patient, and asked how accurately TED deconvolved expression using the remaining datasets as a reference. As observed with GBM, TED consistently estimated cellular proportions that were similar to the true values, substantially outperforming CIBERSORT (absolute mode; LM6 signature matrix; See Methods) ( Supplementary Fig. 8a-f) . Likewise, TED also produced gene expression estimates that were highly correlated with malignant cells (Supplementary Fig. 8g-j) . Thus, we conclude that TED accurately infers cell type composition and expression in multiple cancers.
Cell type composition predicts clinical outcome in three malignancies
We analyzed the proportion of stromal cell types in 1,142 TCGA samples from three tumor types: GBM, HNSCC, and melanoma [39] [40] [41] . To maintain the highest possible accuracy for cell type proportions, we used the scRNA-seq reference from the same tumor type [29] [30] [31] . Using these reference datasets provided estimates of 6 cell types for GBM, 8 for HNSCC, and 8 for melanoma (Fig. 2a) . Analysis using TED revealed that the majority of TCGA samples were comprised of >75% malignant cells in all three tumor types (Fig. 2a) . GBM had, on average, the highest purity, consistent with previous estimates 38 .
To determine how stromal cell types co-varied with each other, we examined the pairwise correlations between each cell type in the TCGA cohort. In GBM, the strongest correlation was between pericytes and endothelial cells (Spearman's rank correlation [ρ] = 0.35; Fig. 2b ), consistent with their combined presence in vascular structures 42 . However, correlations were weaker overall in GBM than in other cancer types. In HNSCC, the proportion of immune cell types were highly correlated with each other (Fig. 2c) . We also noted a high correlation between most immune cell types and endothelial cells. In melanoma, endothelial cells had a relatively strong positive association with fibroblasts (ρ = 0.6; Fig. 2d ), which may be consistent with reports that fibroblast ECM remodelling promotes angiogenesis in melanoma 43 . We also noted two separate submodules of highly correlated immune cells, one consisting of CD4+ T-cells and NK cells, and the other consisting of CD8+ T-cells, macrophages, and B-cells (Fig. 2d) . This finding suggests that melanoma patients may have two distinct types of immune response to varying degrees between patients.
The proportion of certain cell types were strongly associated with survival in all three cancer types, consistent with an important role for the microenvironment in clinical presentation. The proportion of T-cells was associated with better clinical outcomes in all three malignancies (hazard ratio [HR] = 0.416-0.604; Fig. 2e-h ). In melanoma, where CD4+ and CD8+ cells were annotated separately in the reference scRNA-seq dataset, we found that CD8+ T-cells had a stronger correlation with survival ( Fig. 2g and h ). Macrophages were significantly associated with survival in both GBM and melanoma, but not in HNSCC (Fig. 2i-k) . Intriguingly, however, high macrophage infiltration had a poor prognosis in GBM (HR = 1.71; Fig. 2i ), but a substantially better prognosis in melanoma (HR = 0.556; Fig. 2k ), indicating substantial heterogeneity in the role of macrophages in different malignancies.
TED also revealed substantial information about stromal cell types that have not been explored in prior deconvolution studies. First, the strongest association with survival in GBM was with oligodendrocytes, which mark poor clinical outcomes (HR = 2.27; Fig. 2l Fig. 9 ). Taken together, these analyses reveal new information about heterogeneity in the microenvironment of three cancer types, and how these patterns correlate with clinical variables.
Spatial heterogeneity in cell type composition in GBM
To understand the spatial distribution of cells within a tumor, we applied TED to 122 bulk RNA-seq samples from the Ivy Glioblastoma Atlas Project (IVY-GAP) that interrogate laser microdissected tissue from GBM 44 . Data was available for ten tumors microdissected into five structures: leading edge (LE), infiltrating tumor (IT), cellular tumor (CT), microvascular proliferation (MVP) and pseudopalisading cells around necrosis (PAN) (Fig. 3a) . As we expected normal brain cells, including neurons, at high abundance in the leading edge and infiltrating tumor structures 44 , we deconvolved all samples using a reference scRNA-seq dataset which includes GBM8 and adult neurons 45 (see Methods). TED revealed several striking features of GBM regional cellular heterogeneity (Fig. 3b) . First, pericytes and endothelial cells were significantly enriched in regions of microvascular proliferation (p < 1e-4, linear mixed model, see Methods), and comprised nearly 60% of cells in these regions. Second, oligodendrocytes and adult neurons were enriched in the leading edge and infiltrating tumor (p < 1e-4, linear mixed model), with a relative magnitude that matches H&E stained sections from these same patients 44 . Third, pseudopalisading cells around necrosis showed a depletion of endothelial cells (p = 0.0057, linear mixed model) and enrichment for T cell infiltration (p = 0.0311, linear mixed model). Fourth, macrophages were higher in the cellular tumor than in the leading edge (p = 0.0381, linear mixed model).
To confirm these observations using an independent dataset, we analyzed 169 GBMs in the TCGA dataset. To identify tumors in the TCGA cohort enriched for anatomical features microdissected by IVY-GAP, we identified genes that were differentially expressed in malignant cells in PAN relative to CT and examined how these genes correlated with stromal cell proportions. We focused on validating differences between PAN and CT, because malignant cells were extremely rare in other anatomical regions (as low as 1%, based on H&E). As observed in the IVY-GAP dataset, we noted that genes up-regulated in PAN trended to have positive correlations with macrophages and T-cells, and negative correlations with endothelial cells (Fig.  3c) , in agreement with the analysis using IVY-GAP data. Taken together, TED revealed a rich and highly heterogeneous picture of cell type composition, where immune cells accumulate in necrotic regions of the tumor depleted of the tumor microvasculature.
Tumor pathway embeddings identify new distinctions between molecular subtypes
We developed a module in TED which recovered core tumor pathways that best describe expression heterogeneity without contamination from non-malignant cell types (Fig. 4a) . To accommodate recent observations that malignant cells in different tumors are heterogeneous mixtures of functionally distinct cell types 27, 32, 46 , we modelled each patient as a linear combination of different pathways comprised of genes whose expression covaries in a similar manner. TED selected genes in each pathway and the weights for each tumor using the expectation maximization (EM) algorithm, such that the linear combination of all pathways most accurately approximates malignant cell expression in all patients.
To evaluate whether TED learned subtypes that reflect intra-tumor heterogeneity, we identified four pathways using the GBM28 pseudo-bulk RNA-seq dataset. TED recovered pathways that were highly correlated with those recently obtained by clustering 7,930 single cells from 28 patients 32 ( Fig. 4b) . Moreover, the weights of each pathway learned by TED were correlated with the fraction of cells in each tumor that represent each of the four subtypes ( Fig.  4c-d) . Thus, tumor pathways learned using TED can accurately identify major tumor cell subpopulations, even when the expression of subtypes are not known from direct single cell measurements.
To understand tumor heterogeneity in GBM using the most inclusive GBM cohort available to date, we next inferred pathways from 169 TCGA bulk RNA-seq samples. We decomposed the TCGA dataset into seven pathways, using the criterion that selected the pathway number, K, with the highest degree of consensus clustering 47 ( Supplementary Fig. 10 ). TED revealed several pathways that were similar to those in previous studies 32, 48, 49 , including pathway 2 (proneural, OPC, and NPC-like), 3 and 4 (mesenchymal), and 6 and 7 (classical and AC-like) (Fig. 4e) . Notably, prior studies found no correlation between subtype and clinical outcomes in GBM, except when taking a subset of mesenchymal tumors 48 . Two of the pathways discovered using TED were correlated with clinical outcomes: pathway 4, similar to the mesenchymal subtype (HR = 2.43, p = 0.001; Fig. 4f; Supplementary Fig. 11a ), and pathway 6, which bore similarities to the classical subtype (HR = 0.428, p = 0.005; Fig. 4g; Supplementary Fig. 11a ). Thus pathways identified by TED correlate with clinical outcomes better than existing molecular subtypes.
Comparison with IVY-GAP data revealed substantial regional heterogeneity in tumor pathways. Pathways-3 and 4 (both mesenchymal) were enriched for PAN regions, suggesting that malignant cells with a mesenchymal phenotype tend to accumulate in necrotic regions (Fig.  4h) . Pathways-1 (not similar to previously discovered subtypes), 6, and 7 (classical) were enriched in cellular tumor. Previous studies have demonstrated plasticity between GBM cell subtypes 32 , and we speculate that regional differences in subtype reflect interactions between GBM cells and local features of the tumor microenvironment.
Interactions between tumor pathways and stromal cell types
Motivated by our speculation that tumor pathways may be driven in part by interactions with the tumor microenvironment, we examined how tumor pathways learned by TED correlate with the composition of stromal cells. We focused on the 7 pathways identified in GBM, in which the only correlation reported is with macrophage infiltration in mesenchymal tumors 48 . TED recovered this known association as the strongest correlation observed, between pathway 4 (mesenchymal-like) and macrophages ( Fig. 5a) . We also noted a strong correlation between pathway 6 (classical-like) and endothelial cells, consistent with the IVY-GAP analysis (above) that implicates the classical molecular subtype as the most highly correlated with angiogenesis. Weaker associations were discovered between pericytes and both mesenchymal pathways (pathways 3 and 4). These associations may reflect the reported differentiation of mesenchymal tumor propagating cells into pericytes 50 . We also obtained broadly consistent results using several previously reported subtype definitions 32, 48, 49 ( Supplementary Fig. 12 ). We extended our analysis of GBM by learning pathway embeddings in HNSCC and melanoma ( Fig. 5b-c) . Consensus clustering led us to divide each tumor type into five pathways (Supplementary Fig. 13 and 14) . As with GBM, several of these pathways were associated with clinical outcomes (Fig. 5d-h ). Both HNSCC and melanoma had an anti-angiogenic pathway (pathway 5 [HNSCC] and pathway 2 [melanoma]), which strongly and inversely correlated with endothelial cells, as well as a pathway that correlated with cancer associated fibroblasts (pathway 2 [HNSCC] and pathway 5 [melanoma]). We also noted several differences in tumor composition between HNSCC and melanoma. HNSCC had a single pathway which was highly immunogenic (pathway 4; Fig. 5b ) and associated with extended survival (HR = 0.418; Fig. 5d ). In melanoma, multiple pathways correlated more weakly with immune infiltration (pathways 3, 4, and 5). Interestingly, pathway 1 was strongly and inversely correlated with infiltration of CD8+ T-cells, Bcells, and to a lesser extent with macrophages, but was positively correlated with NK cells (Fig.  5c) . We found this pathway was strongly associated with poor survival (Fig. 5e) . Taken together these results indicate a strong correspondence between malignant cell expression and the tumor microenvironment.
TED identifies genes involved in tumor-stroma interactions
To identify individual genes that may be involved in either regulating or responding to the stromal composition of tumors, we examined correlations between cell type proportions and gene expression in malignant cells. Correlations between gene expression and cell type composition in bulk data are prone to false positives when a gene is expressed highly and specifically in the cell type under investigation. We reasoned that TED recovered tumor cell expression accurately enough to avoid this type of false positive. To test this hypothesis, we examined the distribution of marker genes that were specifically expressed in each cell type based on independently derived data. Whereas marker genes had systematically higher correlations in the bulk data, these were reduced to a median near 0 when using the estimates of expression in malignant cells produced by TED (Supplementary Fig. 15 ). This suggests that TED expression estimates are effective in removing many trivial false positives.
Next we examined genes correlated with macrophage infiltration in GBM. Several known positive regulators of macrophage infiltration have been reported in GBM 51, 52 , and these all had statistically significant positive correlations with macrophage inflation, including POSTN, ITGB1 and LOX (Fig. 6a) . However, we identified numerous other correlations with a stronger magnitude, including CASP5, GNG10, RIPK3, and PLB1. To validate additional correlations using independent data, we asked whether tumor regions expressing high levels of positively correlated genes tended to have higher macrophage infiltration. We analyzed 148 bulk RNA-seq datasets from 34 GBMs that were collected adjacent to sections analyzed by in situ hybridization (ISH) for tumor propagating cell markers 44 . We asked whether the proportion of macrophages estimated from RNA-seq using TED was higher in ISH positive regions of the tumor compared to ISH negative regions. Despite low power in the IVY-GAP dataset, we observed significantly higher macrophage content in ISH positive sections for three of the five genes analyzed, PI3, TNFAIP3 and POSTN (Fig. 6b-d, Supplementary Table 1 ). Thus TED identified correlations using TCGA that could be reproduced by the regional heterogeneity within a tumor using independent estimates of gene expression.
Consistent gene stroma interactions in three tumors
We hypothesized that similar genes are involved in stromal cell type interactions across malignancies. We asked whether similar genes correlated with cell proportions in GBM, HNSCC, and melanoma using statistical tools to evaluate the enrichment of intersections between all tumor types 53 . Genes that had a statistically significant positive correlation in one tumor were strongly enriched for positive correlations in one or both of the other two tumor types, and the same was observed for genes with negative correlations (p < 0.001, super exact test; Fig. 6e) .
For most stromal cell types, there were no significant intersections that had both positive and negative correlations. However, there was one interesting exception to this rule: CD4+ and CD8+ T-cells were correlated with somewhat different sets of genes. In melanoma, there was a statistically significant intersection consisting of 212 genes which had a negative correlation with CD8+ cells and a positive correlation with CD4+ cells (p < 0.001, super exact test; Fig. 6e ). Thirtyeight of these 212 (18%) were enriched in keratinization pathways (17-fold enrichment; p < 7.5e-30; Fisher's exact test). Tissue stiffness affects a variety of T-cell responses 54, 55 , and thus one interpretation of our results is that keratinization by malignant cells affects tumor stiffness and has different effects on CD4+ and CD8+ T-cells. Taken together these results support similar genes that interact with stromal cell types between different tumors, and reveals differential modes of interaction between melanomas and different T-cell subsets.
Next we examined the genes in the overlaps that were most enriched between different tumors (Fig. 6f) . Notably, UBD and IDO1 were positively correlated with both macrophages and T-cells. IDO1 encodes an enzyme that catalyzes the conversion of tryptophan into kynurenine, resulting in the activation of T regulatory cells and myeloid-derived suppressor cells 56 . Endothelial cells were correlated with several genes known to be involved in angiogenesis, including ANGPT4, CP, and VASH2 57, 58 . The top gene correlating with fibroblasts was LOXL2, which is a factor secreted by tumor cells that promotes proliferation of fibroblasts 59 . Several other extracellular proteins, including JAM2, PRND, and FIBIN were correlated with fibroblasts which have not, to our knowledge, been directly implicated in fibroblast deposition in tumors. Taken together with previous literature, these results show that TED recovers genes known to interact with stromal cells in cancer.
Discussion
A large body of literature now provides numerous examples of stromal influence on malignant cell function 25, 26 , confirming more than a century of speculation about the critical role of the stroma 1 . However, our knowledge remains largely anecdotal and based mostly on work in animal models rather than human subjects. scRNA-seq has recently made it possible to measure both cell types present in the tumor and their gene expression states in a systematic manner 26 . Although scRNA-seq provides the right data modality to chart the various ways in which tumorstroma interactions occur, current studies are underpowered to address these questions in a statistically rigorous manner. In parallel, thousands of bulk RNA-seq datasets are now available that provide weak information about the entire cellular milieu in a variety of malignancies [39] [40] [41] .
Here we leveraged these advancements in genomic resources by developing a rigorous statistical modeling strategy and using it to integrate scRNA-seq data from 37 thousand cells over 85 patients and 1,412 bulk RNA-seq datasets, providing a new lens into both the cell type and expression in three human cancers.
Our analysis revealed numerous examples in which systematic differences in malignant cell gene expression pathways correlated with the presence of specific stromal cell types. Although different tumor types have unique somatic mutations and transcription states, we identified substantial overlap in the genes that were correlated with stromal cell types, suggesting that a few key pathways are used to control malignant and stromal cell communication. Our findings suggest that therapies targeting a few key genes could have broad impact in manipulating tumor-microenvironment interactions in multiple tumor types.
Many stromal cell types and tumor expression pathways correlate with clinical outcomes, highlighting how tumor-stroma interactions affect tumor phenotype. T-cell infiltration was associated with a better prognosis in all three of the tumors we examined. This was consistent with prior reports in melanoma and HNSCC 19, 60 , but to our knowledge this is a novel finding in GBM that was likely missed by previous studies because T-cells are so rare in GBM.
Our modeling approach fills several critical needs in the cancer genomics toolbox. TED more accurately deconvolves bulk RNA-seq into the proportion of cell types than previous approaches thanks in part to the Bayesian statistical model which allows the scRNA-seq reference to have substantial expression differences from the bulk data. Most importantly TED is not just a deconvolution algorithm -it jointly infers cell types and their average expression, which was crucial for analyses reported herein. Thus TED provides a new type of lens for integrating new scRNA-seq data with the statistically powered cohorts of bulk RNA-seq data, allowing insights into interactions between malignant and stromal cells.
Methods

Overview of TED
A complete mathematical description and justification of TED is included in Supplementary Note 1. Here we provide a brief summary of TED and its use in this manuscript. The R package of TED can be downloaded at https://github.com/Danko-Lab/TED.git.
TED is comprised of two functional modules (Fig. 1a) : (1) a module that infers the cell type fractions, denoted by θ, and gene expression of each cell type in each bulk RNA-seq sample, denoted by Z, and (2) a module designed to identify commonly occurring subtype clusters after removing gene expression in stromal cells that are influtrating the tumor. Both modules take as input a reference matrix, φ, that describes gene expression in each cell type that is constructed from scRNA-seq data, and a matrix, X, representing gene expression in all available bulk RNAseq samples. The second module additionally depends on the output of the deconvolution module.
In the deconvolution module, TED first obtains an initial estimate of the fraction of each cell type. TED uses the Gibbs sampling, a method for Markov chain Monte Carlo (MCMC) estimation, to approximate the joint posterior distribution of cell type proportion and gene expression, and then takes the mean over Gibbs samples to estimate the posterior distribution of Z. Next, TED estimates gene expression in all cell types. TED assumes the gene expression profiles for each cell type follow the multinomial distribution. It infers multinomial parameters of the tumor expression profiles ψtum in each bulk RNA-seq sample using maximum likelihood estimation. As TED assumes that the stromal cells share the same expression profiles across patients, allowing it to pool the statistical strength across bulk RNA-seq samples. TED infers a maximum a posterior estimator for the parameters of the multinomial distribution that control the expression profiles of stromal cells across all bulk RNA-seq samples ψstr. The cell type fractions are then updated by re-sampling θ conditional on ψtum , ψstr and X.
The second module of TED was designed to identify gene expression patterns that arise commonly among bulk RNA-seq samples after removing stromal cells influtrating the tumor. TED learns a series of latent embeddings, called tumor bases (denoted by η), chosen such that their linear combination best approximates gene expression levels in malignant cells. The learning module takes the input K vectors of tumor bases η0 as an initialization, and uses the expectationmaximization (EM) algorithm to optimize the tumor bases by maximizing the log of the posterior of η, conditional on X and the cell type proportions and expression of stromal cells, i.e. θstr and ψstr inferred by the deconvolution module. We used the non-negative matrix factorization approach followed by consensus clustering on ψtum to approximate η0 and selected the number of clusters, K, that yields the most consensus structure 47 . TED then uses EM to determine the pathways whose linear combination best estimates gene expression in the observed bulk RNAseq malignant cells. In the E step TED uses the Gibbs sampling to approximate the posterior distribution of the cell type expression Z and the weights ω associated with each tumor basis. In the M step TED uses the conjugate gradient method to optimize the expectation of the log posterior of η with respect to the distribution of Z and ω that were approximated in the E step. At convergence, TED runs a final Gibbs sampling to derive the distribution of ω under the maximum a posterior estimates of η, and use its mean to get a point estimator.
Deconvolution of bulk RNA-seq using TED
Generating the reference expression profiles from scRNA-seq data. We used reference expression profiles generated from scRNA-seq data to deconvolve the bulk RNA-seq data of the corresponding tumor type. We collapsed, i.e. summed up, the raw read counts whenever count data is available (for ref 30, 31 ). For data where only TPM normalized data is available (scHNSCC), we collapsed TPM normalized reads. To generate the reference profiles of stromal cells, we collapsed read count in each cell type across all patients. To account for the heterogeneities in malignant cells, to generate tumor expression references, we collapsed expression of each subcluster of tumor cells in each individual patient, whenever tumor cells are clustered (refGBM8, 60 subclusters in total for 8 patients). For datasets where tumor cells were not clustered by the original paper (scHNSCC and scMel), we collapsed expression of tumor cells in each patient. We found the expression of some of the non-coding genes in TCGA were close to zero across all patients, but were consistently highly expressed in refGBM8. Such systematic batch effects that violate the relative expression between cell types are unlikely to be corrected by TED, and hence we subset the inference on protein-coding genes when deconvolving TCGA data. In addition genes on the Y chromosome are also excluded in the reference to avoid sex-specific transcriptions. The collapsed expression profiles were normalized by the total count across each cell. To avoid exact zeros in the reference profile, we added a customized pseudo count to each cell type (provided as the norm.to.one function by the TED package), such that genes with zero expression have the same small value (default=10 -8 ) across all cell types after normalization.
Choice of hyper-parameters and retrieving the output from TED.
We set the default parameters of TED to: the standard deviation of the log-normal distribution σ=2, and sparse dirichlet prior α=10 -8 and used these defaults throughout the present study. We used the default setting for Gibbs sampling as follows: length of chain = 150, burn in = first 50 and thinning = 2 (i.e., we ran an MCMC chain of 150 samples, discarded the first 50, and used every other sample to estimate parameters of interest). The maximum number of iterations of conjugate gradient method was set to 10 5 . All cell type fractions used were the updated θ.
Statistical tests for cell type fractions.
When comparison is done for two groups, we used the twosided Wilcoxon test. For comparisons between multiple groups, we used one-way ANOVA using the built-in function "aov" in R. For ANOVA F test statistics that passed alpha level (p value < 0.05), we used the function TukeyHSD to perform multiple testing-corrected pairwise tests based on the studentized range statistics.
Simulating pseudo-bulk RNA-seq data for GBM For each patient among the 28 GBM patients 32 we simulated 50 pseudo-bulk RNA-seq samples, totalling up to 1,400 samples. The cell type fractions were drawn from a uniform dirichlet distribution (α=1). The tumor cells in each simulated sample were drawn from one particular patient with replacement, while the stromal cells were drawn from pooled patients with replacement. As raw data were TPM normalized, we rounded up the counts after summing them up across each cell.
Benchmark linear fits
We used two approaches of linear fit to estimate the tumor gene expression in the simulated pseudo-bulk GBM28. Both approaches used the reference tumor components φtum as the bases. For the first approach, we used E[θ0 tum], weights associated with φtum, derived from the initial Gibbs-sampling, and then used φtum T E[θ0 tum] to approximate the expression. For the second approach, we fit an ordinary least squares using φtum as the bases to compute the weights β associated with each basis, and then use φtum T βtum to approximate the tumor expression profiles. As the expression estimated by these approaches are on the scale of φtum , we used Spearman's rank correlation to compute the similarity between the estimated expression and the true expression obtained by averaging the tumor cells.
Choosing cell type marker genes for correlation analysis
In Supplementary Figure 14 . We computed the Pearson's correlation coefficient between the variance-stabilized transformed expression over a set of marker genes with the cell type fractions. Marker genes for CD4+ and CD8+ T cell and monocytes were derived from the LM6 matrix from the CIBERSORT website (https://cibersort.stanford.edu/download.php), which were based on based on GSE60424 61 , by assigning each gene to the cell type with the maximum expression value. Markers for oligodedrocytes, endothelial cells, pericyted, and microglia were derived from the gene list generated by Lake et al. using normal brain scRNA-seq 62 . Only marker genes that are uniquely assigned to each cell type were used for the plot.
Analysis of anatomically resolved transcriptomics data from IVY GAP
Anonymized BAM files for each sample were downloaded from glioblastoma.alleninstitute.org, and raw counts for each gene were obtained using featureCounts 63 using the GENCODE annotation v24lift37.
To test the statistical significance in the mean of cell type fractions across multiple anatomic structures while taking account of the multiple biological replicates of each patient, we fit a linear mixed model using the lme function from the R package nlme 64 with random intersect. We modeled anatomic structures as the fixed effects and patient IDs as random effects. The ground level was set to the cellular tumor (CT). We maximized the log-likelihood function by setting the method as "ML". We used "optim" as the optimizer.
To quantify the level of differential transcription between PAN and CT. We first estimated the tumor expression profile by TED using GBM8 31 as the reference. The estimated expression profile was rounded up to the closest integer for differential expression analysis by DESeq2. To account for the patient-specific means in the transcription level, we incorporated patient IDs as an independent variable in the model, which resulted in a design formula of design= ~patient ID + anatomic structure. We used the adjusted Wald test statistics to define genes that were differentially transcribed (p<0.01) or unchanged (p>0.5).
Survival analysis
We divided patients into high and low groups based on the feature of interest, e.g. weights of tumor pathways or stromal cell fractions, and then computed the hazard ratio by fitting a Cox proportional hazards regression model for survival time of patients in these two groups. We used two approaches to define a cutoff. First we reported the hazard ratio at the threshold between 0.1 quantile and 0.9 quantile that gave the lowest two-sided p-value between survival times using a Chi-squared test. This ensured that we reported the largest possible difference in survival time for each individual feature. As this scanning threshold method may suffer from inflated false positives due to multiple testing, we also used a second approach which was dividing patients into the upper and lower 20% quantiles, which ensures that all genes were fit for the regression model using a roughly balanced number of patients. When applying the decision rule in testing the null hypothesis, we took the results from both approaches into consideration. 
Dataset used
